High dropout rates are still a problem with online training. It is strongly suggested that learner characteristics influence the decision to persist in an online course or to drop out. The study explored the differences in domain-specific prior knowledge, motivation, computer attitude, computer anxiety, and learning skills between dropouts and active learners who enrolled in a vocational online training about media pedagogy for teachers. The data were collected from 575 trainee teachers from which three groups were formed: (a) students who only registered (n = 72) and (b) students who started learning but failed to complete any of the course modules (n = 124) and (c) active students who completed at least one module (n = 379). A dropout rate of 34.1% was observed. In general, only small effects were found. Students dropping out were older, had less prior knowledge, and lower skills in arranging an adequate learning environment. 
Introduction
Online learning has become an established method of learning alongside the traditional ways of learning and teaching (e.g., Allen & Seeman, 2016) , but high dropout rates are a persistent problem (e.g., Lee & Choi, 2011) . In addition to features of an online training course and the learning conditions, research suggests that learner characteristics influence the decision to persist or dropout from an online course (e.g., Lee & Choi, 2011) . Therefore, we explored in the current study differences between learners dropping out at various stages from an online training for trainee teachers and successful learners in domain-specific prior knowledge, motivation, computer attitude, computer anxiety, and learning skills. The investigation was conducted against the background of the multidimensional learning tasks model (Tyler-Smith, 2006 ).
The MDLTM focusses on the cognitive load imposed when solving the five tasks in an online course. When cognitive overload occurs, learners are more likely to drop out from the course. In the first task, negotiating the technology, the learner must cope with the range of technologies used in a course. This challenge might require learners to improve or acquire new skills, for example, learning how to install or configure hardware or software according to system requirements. The second task, negotiating the Learner Management System interface, requires the learner to build an adequate model of the course structure and navigation. The usability of an online course environment is suggested to be a very important aspect for a learner's success or failure in negotiation. The core element of the third task, negotiating the learner role, addresses the ability to adopt the role of learner to meet the requirements of an online course. For example, learners are often expected to be self-directed, motivated, and they are assumed to be physically isolated from instructors and other learners. If learners, however, fail to accept this role, they are more likely to become disengaged and drop out. Negotiating the learning content is the fourth task, which refers to the learning materials and didactics of an online course and is related to the ability to engage in and to master the required activities (with a particular focus on adequate cognitive processing) in the course. Learners' confidence and ability to manage the content might depend on their learning experience, domain-specific prior knowledge, and available learning strategies. The fifth task, negotiating CMC interaction, focusses on the synchronous and asynchronous channels of communication in an online course and is related to the ability to engage in and master the required communicative activities. Communication is often based on electronic text and special structures (e.g., discussion forums) that might not be familiar to all learners. The learner's confidence and ability to manage communication might depend on the learner's experience with special kinds of communication channels and available communication strategies.
Student characteristics

Domain-specific prior knowledge
Research on the basis of CLT has revealed expertise reversal effects in a variety of instructional designs (Kalyuga, 2014) . Expertise reversal effect is a general term for all instructional design effects that are dependent on prior knowledge and result in a learning environment that is effective for learners with little prior knowledge but ineffective for learners with considerable prior knowledge. This effect has often been studied in less complex situations (e.g., learning with text and pictures), which has nowadays widened to learning with multiple representations. However, it has been rarely analysed in more complex situations such as online trainings. Kalyuga et al. (2003) suggested that instructions allowing learners to control the pace and sequence in which information is presented is more adequate for experienced learners. Self-paced and selfsequenced learning is a common feature of online learning courses, thus learning scenarios should be adequate for inexperienced as well as experienced learners. Viewed from the perspective of the MDLTM, more experienced learners are assumed to engage more adequately in negotiating the learning content. Intrinsic load is assumed to be influenced by prior knowledge. The more prior knowledge, the less intrinsic load might be experienced while learning, because prior knowledge reduces the complexity of the content. A higher level of prior knowledge is often also connected to a lower level of germane load because of having less new information connected to prior knowledge. As a result of this prior knowledge advantage, learners might experience less working memory load and be less threatened by cognitive overload. In contrast, the disadvantages of having less prior knowledge might influence a learner's decision to drop out when negotiating the learning content. In the context of complex learning environments, including online learning scenarios, the level of domain-specific prior knowledge is known to consistently influence program usage, information processing and performance (Amadieu, Tricot, & Mariné, 2009 ). Studies from hypertext research have reported the positive impact of prior knowledge on various performance measures (e.g., Amadieu et al., 2009; McDonald & Stevenson, 1998; Stiller, 2003 Stiller, , 2009 Stiller, , 2015b ). However, non-significant correlations were found when the courses were aimed at mastery learning (e.g., Stiller & Köster, manuscript submitted for publication).
Intrinsic motivation
Intrinsic motivation refers to performing a behaviour or activity because of its inherent interest or joy, whereas behaviour that is extrinsically motivated is performed because of external consequences (Ryan & Deci, 2000) . Intrinsic motivation is connected to high-quality learning (Ryan & Deci, 2000) , and it might affect dropout rates. A higher level of intrinsic motivation might counteract (over)load and thus contribute to reduced dropout rates. Students might not give up as easy as when they are less or extraneously motivated. From the perspective of MDLTM, motivation might play a role in all five tasks, especially in reference to overcoming obstacles. Motivation might influence experienced load and how students manage it especially when load is high. Motivation is one of the most frequently studied covariates of dropout, and numerous studies have shown it to be correlated with course persistence and dropout (e.g. 
Computer attitudes
Attitudes consist of affective, conative and cognitive components (Richter, Naumann, & Horz, 2010) . From a cognitive perspective, attitudes are often defined as beliefs that are organized in topics, hence the computer as a self-experienced instrument for working and learning might be of interest concerning dropout (Richter et al., 2010) . Computer attitude might influence a learner's decision to drop out by affecting working memory load. Negative computer attitudes might engender a more extraneous load because of, for example, disturbing thoughts about the computer malfunctioning or even crashing, particularly when negotiating both the technology and the Learner Management System interface and while learning. The increased extraneous load could initiate a dropout decision. In contrast, learners with positive attitudes should be less prone to such negative thoughts and thus less likely to suffer from extra working memory load by taskforeign cognitions. Consequently, these learners are assumed to engage adequately in negotiating technology and the system interface and in information processing and knowledge construction. Only a few studies have been conducted on the effects of computer attitudes on learning performance. Stiller (2009; 2015a) found negative effects of negative attitudes and interaction effects with information presentation and navigation. Positive effects of positive attitudes (e.g., attitudes towards e-learning, internet use, information technology, and technology use) have also been reported on course usage and persistence (Bernard et al., 2004; Stiller & Köster, 2016) .
Computer anxiety
Similar to the relationship between computer attitudes and online learning, computer anxiety might also influence learning in an online environment by affecting working memory load. Computer anxiety is considered to be a trait, which comprises cognitive and affective components such as feelings of anxiety and worrisome thoughts (Richter et al., 2010) . Computer anxiety might contribute more extraneous load because of intervening negative emotions and negative thoughts about the computer, which in turn could make the option of dropping out more attractive. Learners without computer anxiety are expected to adequately engage in negotiating the technology and the Learner Management System interface and engage in information processing and knowledge construction, because their working memory will be less burdened. To date, most studies have focused on the relationships between anxiety, computer self-efficacy, and performance or learning system usage (also computer usage), mostly assuming that anxiety has only an indirect negative effect on performance and course usage but a direct influence on self-efficacy, which directly influences performance and course usage (Hauser, 
Learning strategies
Bringing cognitive, metacognitive, motivational and behavioural skills into action and using them adequately are thought to be the core of competent learning (Friedrich & Mandl, 1992) . In general, learning strategies are defined as activities that learners apply to augment or facilitate the perceiving, processing and storing of information (Friedrich & Mandl, 1992) . These strategies are thought to monitor, control and regulate basic processes such as the decoding of words and images or eye movement (Weinstein & Mayer, 1986) . Pintrich (1999) also differentiates between cognitive learning strategies, metacognitive learning strategies and resource management strategies. The metacognitive strategies, time management and creating a supporting learning environment, are considered to be particularly relevant for online learning. Metacognitive strategies include planning, monitoring and the regulation of cognitive processes (Pintrich, 1999) . These strategies serve the purpose of planning suitable procedures (choice of strategies), monitoring (correcting the execution of strategies) and evaluating the result (achievement of goals and objectives) as well as regulating (interventions for corrections) the procedural flow. A successful use of metacognitive strategies is based on the knowledge about learning strategies and their adequate application conditions. Resource management strategies are self-management strategies that support learning in general, shielding against external disturbances and influences of all kind (Friedrich & Mandl, 1992) . The strategies of time management and learning environment belong to this category. They focus on the organization of learning activities. Strategies of learning environment are about creating a learning environment that supports learning. Time management is about adequately assigning appropriate time periods for learning. The competent use of time management and learning environment strategies might reduce cognitive load while learning and thus prevent cognitive overload. It might particularly reduce extraneous load (being able to assign time to learning without disturbances) and foster learning (being able to focus cognitive resources on information processing more efficiently), which in turn might contribute to reducing dropout. Research has shown that management skills are significant predictors of dropout ( 
Research objectives and expectations
An online training in media pedagogy for teachers was used to explore learner attrition. We first identified groups of learners according to the extent that they completed the training and recorded dropout rates. We then examined whether learner attrition is influenced by prior knowledge, intrinsic motivation, computer attitude, computer anxiety and learning strategies by comparing the learner characteristics between the group of learners who dropped out and the group of successful learners. We assumed that dropout would be more likely when a learner has a lower level of prior knowledge, intrinsic motivation and learning skills, and more negative attitudes towards computers and a higher level of computer anxiety.
Method
Participants
The data was collected from the trainee teachers who registered for the advanced online training, "Media Pedagogy for Teachers". The training was authorized by and offered throughout the German Federal State of Bavaria. The training contributes to the field of continuing vocational education and training on media pedagogy and addresses teachers of primary schools (Grundschule), secondary general schools (Hauptschule), intermediate schools (Realschule) and grammar schools (Gymnasium) in the German Federal State of Bavaria (see Federal Ministry of Education and Research, 2016 for details on German classification of schools). Students were recruited by promoting the online training offline via flyers that were placed at these types of schools throughout Bavaria. In-service teachers and teachers from other school types participated in the training, but only the group of trainee teachers was analysed. Participants are described in the results section.
Description of the online training
The training was offered only online without a fixed schedule. The content was presented in modules, and the teaching was based on instructional texts. According to action-and problem-oriented didactics, the training was constructed around four of the five design principles of problem-based learning environments (Reinmann & Mandl, 2006) : learning situated in authentic problems; using multiple contexts for learning; using multiple perspectives for learning; learning with instructional support; and learning in a social context. The latter principle was excluded, because it was not expected to guarantee a high level of flexibility for the learners. In addition, the structure of each module was modelled on the Nine Events of Instruction (Gagné et al., 1992) . The nine events are (a) gain attention, (b) inform about objectives, (c) stimulate recall of prior knowledge, (d) present the material to be learned, (e) provide guidance for learning, (f) elicit performance, (g) provide informative feedback, (h) assess performance and (i) enhance retention and transfer. When developing the design of the learning environment and the instructional materials, we paid attention to providing a motivating stimulating learning environment (Keller & Koop, 1987 ), a high level of self-instruction (Tomei, 2007) and an effective and efficient information presentation (Sweller, 2010) . The starting point of the online training was a Moodle course portal (Version 1.9.2). After registering and logging in for the first time, an introductory module was presented. Then students could freely decide how many of the modules they wanted to study and in which sequence. Each training module had a linear structure represented by six screen pages: (a) module profile, (b) case example, (c) test of domain-specific prior knowledge, (d) instructional unit, (e) module evaluation, and (f) final module test. The module profile provided an overview of the content and the teaching objectives. The case example represented a real life problem with the purpose of engaging students. A test of prior-knowledge without a time limit was used for activating students' prior knowledge and for giving feedback about their level. The instructional unit comprised an obligatory instructional text and optional supporting material, for example, links to videos, audios, webpages, and literature that could be used for further elaboration. The module evaluation provided a questionnaire that assessed various aspects of the module studied, for example, content difficulty, ease of learning, and satisfaction with modules. The final module tests consisted of 15 multiple-choice items that evaluated factual knowledge learned in the training, the result of which was provided as feedback to the student. Learners were required to answer at least 50% of the items correctly to have successfully completed a module. Otherwise, the student's performance on the module was recorded as completed but failed. The aim of the training was to provide factual knowledge. Thus, multiple-choice tests were an appropriate instrument for measuring learning success.
Support for students was provided via e-mail, online chat or phone for questions about content or difficulties in understanding an issue, including giving assistance with organization and technology. Response to e-mail was normally delivered within a few hours without exception for weekends and nights, and chat and phone consulting were provided during assigned office hours in the afternoon and on Saturday. Office hours were announced at least four weeks in advance.
Procedure and means of measurements
The training was offered from October 2009 to July 2010, which was during the regular German school year. Anyone interested in the course could register by specifying a name, username, and password. After registration was completed, the students' first login directed them to the introductory module. Before starting the training, participants were asked to complete the first online questionnaire that gathered demographic information and assessed various learner characteristics. Tables A and B of the appendix list the items of the used measurement scales. After completing the first questionnaire, the eight course modules were accessible. A priorknowledge test was presented at the beginning of each module. After studying the module, participants completed a final module test. A student could provide up to eight prior knowledge scores, one for each module.
The teachers' motivation to participate in the online training was assessed with the Interest/Enjoyment scale of the Intrinsic Motivation Inventory (Ryan, 1982) . Their attitude towards computers was examined, focusing on the personal experience with using the computer as a means for learning and working. The negative component in the sense of the computer being regarded as an uncontrollable machine was measured by the subscale "Personal experience / learning and working / autonomous entity" of the Questionnaire for the Content-Specific Measurement of Attitudes toward the Computer (QCAAC; Richter et al., 2000; 2010) . Subsequently, computer anxiety was examined by using the subscale "Confidence in dealing with computers and computer applications" of the QCAAC (Richter et al., 2010) , which focuses on the cognitive and affective components. Additionally, the use of three exemplary persistent strategies of self-regulated learning were assessed as measures of learning competence: metacognitive learning strategies (planning, monitoring and regulating), time management and learning environment (see Questionnaire for Measuring Learning Strategies of Students by Wild and Schiefele (1994) ). The domain specific prior-knowledge test at the beginning of each module was assessed with a 5-item multiple choice test. Each item comprised four answers of which at least one was correct.
Prior knowledge was scored as percent correct and a mean was calculated across the number of tests completed (from 1 to 8 possible scores). Means of items were calculated for all other scales. A high score of all measures expresses a higher level of the feature in focus except for computer attitude which indicates a low negative attitude. 
Results
A total of 575 trainee teachers registered for the course and answered the first questionnaire (see Table 2 ). Two records contained missing age data. More female (72%) than male trainees (28%) enrolled in the training. The mean age of trainees was 27.25 years (SD = .00, range from 20 to 49 years, n = 573). Most trainees worked in an intermediate school (33%) and a specialised upper secondary or a grammar school (30%), followed by primary school (20%) and secondary general schools (15%). Only 2% of trainees worked in other school types. The following groups of persistent and dropout learners could be identified:
1. First dropout group of absent students: Registered participants who completed none of the eight module prior-knowledge tests were called absent participants. They maximally took notice of the module profiles and case examples. 2. Second dropout group of viewing students: Registered participants completed at least one of the modules' prior knowledge tests, but never completed a module by finishing any of the final module tests were called viewing students. They had access to the instructional texts of the modules, but the extent that they claimed or even studied them is unknown. 3. Persisting group of studying students: Registered trainee teachers who completed at least one of the modules' final tests, successfully or not, were called studying students. The dropout rates were calculated for the two dropout groups of registered trainee teachers. We found 12.5% absent and 21.6% viewing students, with a total rate of 34.1% dropouts. The studying students mostly started (26%) and completed (32%) one or two modules, or they started and completed all of the modules (56% and 51%). The viewing students mostly started only one or two modules (91%), and they never completed one. The one persistent group and two dropout groups were compared in reference to sex, age, type of school, and the learner characteristics of interest. Differences were found between the groups for type of school (λ 2 = 25.41, df = 8, p < .01) and age (see Table 3 ) but not sex (λ 2 = 1.71, df = 2, ns). Persisting students were on average more than one year younger than the other groups, and the viewing students were the oldest in the sample. Differences in type of school are because of the school type "other than listed". Trainee teachers of these schools were mainly found in the viewing group. A chi-square test on the main four categories of school types showed no significant differences in distribution (λ 2 = 8.38, df = 6, ns). Finally, no differences were found between the groups on motivation, computer attitude and anxiety as well as meta-cognitive learning strategies and time management, but strategy use for creating an adequate learning environment was significantly smaller for viewing students. In addition, prior knowledge was smaller for the viewing students than for the studying students. Generally, only small effects were found. 
Discussion
We could identify various dropout groups by focusing on behavioural data at critical incidences in the training such as taking at least one prior knowledge test (or not) and taking at least one final module test (or not). Dropout and persisting groups showed differences on some psychological and other characteristics, but overall effects were small. Given that the aim of the training was to qualify trainee teachers, we defined the persisting group of students as trainees who studied modules. This categorization resulted in a dropout rate of 34.1%, which is in the lower end of the range of dropout rates previously reported (Kranzow, 2013; Xenos et al., 2002) . The characteristics of age, prior knowledge, intrinsic motivation, computer attitude, computer anxiety, and learning skills appeared to play different roles for the various dropout groups. Age, prior knowledge and skills in arranging one's learning environment showed little effects on dropping out, whereas intrinsic motivation, computer attitude, computer anxiety, metacognitive
The dropout groups of absent and viewing students appeared to be older. In contrast to the literature, successful learners in this study appear to be younger than dropout students (cf. Yukselturk & Bulut, 2007) . One explanation for the age differences that emerged in this study is that the older trainee teachers might have been more involved in the second and final education year of teacher training, which typically comes with a higher work load and could thus contribute to dropping out. In contrast, starters in the practical phase of teacher education might have more resources to engage in other opportunities such as participating in media pedagogy training. Moreover, the dropout group of viewing students also had a lower level of prior knowledge and lower skills to arrange an adequate learning environment. This lack of knowledge and skills could be connected to a higher level of experienced load while studying, resulting in an inadequate studying experience that required more time needed to study the modules and consequently the inability to complete them. This is in line with former research about learning performance (Amadieu et (2016) showing large differences between dropout and persistent students groups. One reason for the null finding could be that these student characteristics interact with the type of learning materials, module performance tasks, and computer mediated communication. Stiller and Köster (2016) used instructional videos and transfer tasks (practical tasks) that are assumed to create a higher level of cognitive load given the transient nature of the presentation and the task difficulty. Learning activities and working on task solutions required the use of computers in their study, which when combined with negative attitudes and anxiety about the computer could lead to a higher cognitive load and even overload while learning, thus contributing to a student's decision to drop out. The student activities required in the studies of Hauser et al. (2012) and Saadé and Kira (2009) also included a more intensive use of computers combined with more complex computer mediated communication and learning activities, whereas studying in the present study was mainly reduced to working offline through a paper-based script (we assumed that most trainee teachers printed the pdf files) or an on-screen presentation of non-interactive illustrated texts and then assessing learning success via recognition tests (i.e., multiple-choice tests). Paperbased and on-screen scripts are assumed to create lower levels of cognitive load because of the stable nature of the presentation. Thus, the use of computers is not necessary or only a low level of interaction is required. Any negative attitudes or anxiety about the computer are not likely to contribute sufficiently to increase cognitive load to the point of influencing a learner's decision to drop out.
In general, dropping out continues to be a complex phenomenon. Dropout appeared at various stages in the online training, but the behaviour was not easily explained by the obtained quantitative data. The few effects found were small. Future studies should focus more on when dropping out occurs and the reasons behind it. In this study, we showed that some learner characteristics are connected to dropping out. We expect that these characteristics influence cognitive load, but we did not have load assessments of dropout groups. Hence, we could not relate these characteristics to cognitive load. Factors that lie outside an online learning experience such as family and job circumstances should be included in future analyses, especially for advanced, self-contained vocational training courses that are not integrated into a larger program.
Identifying important variables at various critical stages of dropout that can be influenced by instructors might lead to more effective interventions to increase persistence and successful training outcomes. Our results suggest that learning management skills and domain-specific prior knowledge would be a good starting point when developing interventions against dropping out.
A special problem might arise when online trainings are free as in the current study. There are likely to be a wide range of motives that lead to course registration and participation. We can only assume that trainee teachers enrolled in the training were motivated to learn and to obtain a training certificate. Without identifying which students are really willing to study and to complete the course, we cannot target dropout interventions for those who are at risk. This variety of participating students might have also contributed to the difficulty of identifying relevant factors of dropout and to an underestimation of effects in this study. Online trainings that are integrated into a study program that must be completed to progress in that program (e.g., in many colleges or universities) might bring more participation and study pressure with it, so that the decision to drop out would have to be well grounded. This assumption might also apply to online trainings that require a fee.
